Abstract. Non-destructive stress diagnostics is essential to optimise variable nutrient application with a minimal environmental load. The identifying characteristics when spectrally determining nitrogen, phosphorous and potassium stress in a canopy are dominantly nonspecific symptoms expressed as varying levels of chlorophyll in the leaves. The challenge is spectrally based discrimination between N, P and K stress. This paper introduces a methodology able to discriminate between N, P and K stress symptoms utilising both the spectral and spatial dimension simultaneously. The methodology was tested on spring barley grown under controlled conditions. The spectral range used was 450-1000 nm. Nine spectral measurement were carried out on each plant. The measuring points were spatially located at
Introduction
The application of nutrients to field crops is of critical importance to optimise crop yield and product quality. Farmers must balance the competing goals of supplying enough nutrients to their fields, and minimise input in order to avoid adverse environmental effects and economic penalties from reduced yields (Pedersen, 2003) .
Spatial variability in nutrients and variations in soil features affect nutrient utilisation by the crop. In order to reduce nutrient losses at field level, information is needed about the variability of plant-available nutrients and hence plant's nutrient status, to allow for variable rate fertilisation. This information can be acquired by assessing the crop nutrient status. Soil and plant tissue sampling for nutrient availability are well documented. However, these methods require considerable effort for sample collection and processing which makes repeated sampling very laborious and time consuming. In addition, a time delay exists from sampling until laboratory results are obtained. A promising way to optimise nutrient fertilisation is to use the information provided by remote sensing.
Most of the nutrient work in remote sensing focus on nitrogen and many encouraging results have been reached (Filella et al., 1995; Schepers et al., 1996; Yoder & Pettigrew-Crosby, 1995) . One of the real challenges in nutrient prediction through the canopy's spectral reflectance is the ability to discriminate stress conditions. In order to predict a specific nutrient component's content in a plant, one must be able to spectrally discriminate the target component from other influencing components in the obtained spectra. The main problem is that the majority of nutrient stress symptoms on canopy scale and even on leaf scale have very similar effect on the reflectance spectrum. Al-Abbas et al. (1974) tried to discriminate N, P, K, S, Ca and Mg deficiency in maize leaves by use of total reflectance and reflectance measurements obtained over the 500 nm to 2600 nm wavelength interval. They concluded all nutrient-deficient plants contained less chlorophyll than the control plants and that chlorophyll had a dominant influence on the spectral variation in the visible region of the spectrum. Masoni et al. (1996) also tried to detect and discriminate Fe, S, Mg and Mn deficiencies in leaves spectra of barley, wheat, corn and sunflower. Their resluts suggested that all nutrient deficiencies reduce leaf chlorophyll concentrations. Subsequently the reduction increases leaf reflection and transmission, decreases leaf absorbance, and shortens the red-edge position (REIP), defined as the inflection point that occurs in the rapid transition between red and near-infrared (Jørgensen, 2002) . Further the modification in the leaf spectral properties, in the spectral range 400 nm to 1100 nm, were not characteristic for nutrient deficiency, but were always observed in the same wavelengths (Masoni et al., 1996) . Hence, Masoni et al. (1996) concluded that research on the use of leaf spectral properties as a nutrient diagnostic tool requires further understanding of the relationship between spectral properties and nutrient concentration in plant tissue.
A plant's spectrum changes according to the plant's physiological status. The identification of the symptoms by the human eye is due to the differences in plant pigment responses according to the symptom specificity at specific locations on the plant.
The objective of this research is to discriminate between deficient nitrogen (N), phosphorous (P) and potassium (K), and non deficient conditions (C) in spring barley plants using hyper spectral reflectance measurements spatially distributed in a predefined pattern. It is further investigated if a discrimination model can be established regardless of the present growth stages within a time window of two weeks.
Methodology

N, P and K Stress Symptoms Establishment
Unambiguous N, P and K deficiencies were established in spring barley (Optic) under controlled conditions in a greenhouse. Spring barley seeds were pre-germinated for ten days, in sphagnum containing all essential nutrients. The plants were then randomly transferred to 12 pots containing water-saturated, inorganic media (perlite). In order to minimise the amount of attached nutrients the sphagnum was washed off the roots with ionexchanged water. The plants were provided with sufficient amount of nutrients (micro and macro) with the exception of the respectively target nutrient stress components (N, P and K). The plants were applied with adequate amount of water during the whole growth period. Control plants were further established according to the above procedure, however, applied with all essential nutrients for optimal growth.
The first spectral reflectance measurements were carried out 20 days after the plants were transplanted into perlite. The second measurement occasion 25 days after transplanting and the third measurement occasion were carried out 33 days after perlite transferred (Table 1) . For each treatment and measurement occasion ten plants were randomly selected from three pots containing the specific treatment giving 120 plants in total. 
Equipment
The equipment used for spectral reflectance measurements was a Zeiss monolithic miniature spectrometer (MMS 1) NIR enhanced, which is an OEM (Original Equipment Manufacture) multi operating spectrometer system by tec5 AG, Germany.
The spectrometer system consists of a light source (12V/100W tungsten halogen lamp), which is controlled by a photodiode sensor, and optical components of the spectrometer. The optical components consisted of a body made of UBK 7 glass with aberration corrected grating. The core sensor was a Zeiss MMS 1 NIR with a detection range of 306-1132 nm in 2 nm increments (Zeiss company, 1999).
Due to observed noise problems the range used in this research was reduced to 450-1000 nm. Dark frame subtraction was performed minimising the system's bias.
A holder was designed to support the leaves and direct the light probe in a 45 degree angle to the leaves in order to avoid specular reflectance. A fixed distance of one cm between the probe and the leaves was used. A black block of aluminium was placed on top of each leaf when measured.
Directed Sampling Measurements
The reflectance measurements were carried out by use of Directed Sampling Technique (DST). The principle of DST is to obtain specific, spatial information and relate it to spectral information from the plant. The data acquisition was carried out using DST at three leaf positions (tip, midle and base) on each of the latest three fully developed leaves. The circular measuring area was 7 mm 2 , with a diameter of 3 mm. The plants were randomly selected among the pots of same treatment at the three different measurement occasions (Table 1) .
Reference spectra, from a Barium sulphate plate were recorded with regularly intervals throughout the measurements. The reference spectrum was divided up into each measurement, adjusting for difference in the equipment's sensitivity.
Each spectrum was recorded using halogen light source passing through a bundle of optical fibres to the leaf. The different light intensities over the waveband range were then transferred to a photo diode array (PDA) detector through another bundle of optic fibres.
Data Analysis
Multiway Partial Least Square regression (N-PLS) is a potential prediction model, which uses latent structures for making predictions of dependant variables within empirical fourway data sets. The strength of N-PLS is that it summarises all latent information from a large N-way dataset of object variables (X) and relates it to a dependent variable (Y) using a relative low number of variables, which makes the prediction more robust (Hansen, 2002) .
In this study N-PLS has been used for prediction/identification of nutrient deficiency (C, N, P, and K deficiency). In order to enable discriminating ablities to N-PLS a dummy response variable is introduced. The dummy variable can be either 1 or -1. Having four response columns -one per treatment C, N, P, K deficiency the response row for e.g. a P stressed plant will be [-1 -1 1 -1]. The approach having more than one response column is named N-PLS2. If having only one response variable (N-PLS1) e.g. identifying C and K stress from N and P stress the predicted response value >0 it is concidered as YES and if the response <=0 then as NO. This procedure is similar to bidirectional PLS discrimination known as PLS-DISCRIM discribed by Esbensen (2001) . Using only one dummy response variable the separation of four treatments must be done in a sequence of two steps. The discrimination can also be carried out with one N-PLS2 model introducing four dummy response variables as mentioned earlier. The discrimination procedure is: 
Pre-treatment
It is necessary to pre-treat the data before the actual four-way analysis model is fitted (Bro & Smilde, 2001; Harshman & Lundy, 1984) . In this case, the data were mean centered across D1 (Figure 1 ). Mean centering will remove possible differences in offsets between the different variables and at different occasions thereby focusing on the variation between the samples. To avoid differences in magnitude between variables to dominate, scaling within D2 (Figure 1 ) was performed. The scaling factor was the inverse of the standard deviation (1/Sdev) from each variable.
The evaluation was based on full cross validation (leave-one-out). Two different pretreatments were used: 1. Only centering across D1 2. Centering across D1 and scaling within D2 where the scaling factor is the inverse of the standard deviation (1/Sdev)
The data pretreatment resulting in the model with the best performance was used. The selection was based on the first local minimum in the Residual Mean Squares Error of Prediction (RMSEP) increasing the number of principal components (PCs) and having the smallest RMSEP. An additional constraint was applied; if the decrease in the RMSEP value from the preceding PCs at the first local minimum was less than 1% the optimal number of PCs was reduced until the constraint was fulfilled. This was done in order to minimise the risk of modeling noise.
The results were further compared to a bilinear PLS2 analysis using the unfolded four-way data quadrant of the directed sampled reflectance data.
Results
For all treatments at each measuement occasion 10 plants were randomly measured. However, at measuring occasion one in the N stressed group one plant was excluded due to a missed sampling point.
Raw Spectra
The development throughout the three measurement occasions of mean spectra for the four conditions established; C, N, P, and K deficiency are illustrated in Figure 2 . The red, green and blue colors correspond to measurement occasion 1, 2, and 3, respectively. The spectra are arranged according to location on the plant and leaf respectively. The spectral development throughout time for the none stressed plants seems to show up as an overall trend in reflection decrease with increasing days after perlite transplantion. The spectra obtained from the Control plants (Figure 2 , upper left) show generally same reflection pattern throughout the three measurement occasions and throughtout leaf locations and positions on the the leaf. The reflection intensity at the base point on the youngest leaf was, however, higher in the range of 550 nm compared to the rest of the reflectance measurements registered on the Control plants. The spectra registered at the N deficiency plants (Figure 2, upper right) shows a significant shift in coloration from the youngest to the oldest leaf in the matter of green to yellow. The oldest leaf (leaf 1) shows clearly a yellow reflectance pattern due to its senesence caused by the present nitrogen deficiency. P deficiencies plant spectra (Figure 2 , lower left) was only to be visually discriminated from the Control spectra in the third measurement occasion (blue graphs) at the middle and tip positions on leaf one and two, which, like the situation of N deficiency, is due to loss of chlorophyll and thus yellow leaves.
The spectra measured from the K deficient plants were very similar to the Control leaves spectra patterns and contemporary visually not possible to detect any clearly discriminating patterns.
N-PLS
According to Table 2 N-PLS2 clearly outperformed the unfolded N-PLS (classic bidirectional PLS2) having a discrimination success rate 9 % points higher and using 5 PCs less than classic bidirectional PLS. Hence only N-PLS will be presented in the following.
The sequential N-PLS1 analysis with dummy response variables was carried out as follows:
1. All treatments were separated in the two obvious groups based on visual inspection of Figure 2 . The two groups were: a. N stress and P stress b. No stress (Control) and K stress 2. Within each of the separated groups the final separation was done separating into the actual stress symptom or treatment
The first classification into N and P versus C and K was based on both visual inspection of the raw data and on earlier studies by Christensen & Jørgensen (2003) . The selection of the optimal model and the number of PCs was based on the RMSEP plots (not shown) from the full cross validation analyses base on the two data pre-treatments.
The results are illustrated in Table 2 .
The highest prediction rate within single step discrimination (N-PLS2) was reached through the folded N-PLS2 analysis with an 80% success rate and by use of just two PCs. It was further observed that the error rate decreased with time as stress symptoms became more clear (Table 2 , Summary of success rate).
The unfolded N-PLS2 analysis was able to correctly predict 71% of the obtained spectra into one of the four conditions present; no stress (C), N, P and K deficiency. The model, however, required seven principal components. Even though seven PCs was required to model the present variation in the data set, it did not improve the prediction rate within each measurement occasion, compared to the folded N-PLS2 analysis.
In both cases of the single step discrimination analyses tested RMSEP was fairly high (1.23 and 1.41) according to the range of the dummy variables (Y) were 1 (yes) or -1 (no).
The sequential N-PLS analysis showed an overall success rate of 92% in discrimination ability amongst the four nutrient stress conditions. The RMSEP values (0.32-0.40) were significantly lower compared to the single step discrimination analyses, which indicate improved prediction ability.
The first step in the discrimination between N and P versus no stress (C) and K deficiency had a 100% success rate. The second step of discrimination within the two established clusters (N+P & C+K), showed respective success rate of 98% and 85%. The 15% error rate within discrimination of no stress (C) and K stressed spectra was due to nine displacements. Five of those displacements were none-stressed plants classified as K stressed plants at measurement occasion one. Whereas the remaining four displacements lied within measurement occasion two. There were no erroneous diagnostics within measurement occasion three.
Discussion & Conclusion
Growth Stage Variability
The growth stages present within each measurement occasion (Table 1 ) varied according to the induced conditions (N, P, K stress or C). Growth stages and the spectral reflectance pattern may also change within a field, which makes this proposed diagnostic tool much more powerful being able to discriminate the nutrient stresses without taking growth stage into consideration.
NPK Discrimination
The spectral responses can be partly explained by the spectral absorption of chlorophyll. At wavelengths near 700 nm, the absorption of chlorophylls a and b (Chapelle et al., 1992) and of leaves and chloroplast suspensions is weak. If stress is sufficient to inhibit chlorophyll production, increased reflectance is detectable first at wavelengths of weak absorption as chlorophyll content decreases. Thus, reflectance sensitivity to stress-induced chlorosis is high in the 690-700 nm range (Carter, 1993) and blue shifts of the reflectance curve red edge are closely related to chlorophyll content (Vogelmann et al., 1993) and visible damage. In contrast, chlorophyll and accessory pigments, such as xanthophylls, absorb strongly in the violet-blue portion of the spectrum (Chapelle et al., 1992) , so that pigment content must decrease dramatically for reflectance to increase appreciable at 450 nm.
The absorption of chlorophyll is relatively strong near 670 nm and weak near 600 nm (Chapelle et al., 1992) . This typically results in a high sensitivity of reflectance to stress near 600 nm and a lesser stress sensitivity near 670 nm (Carter, 1993) .
The spectral information expressed through the content of chlorophyll in the plants is an essential information source when determining N, P and K stress (Buchanan et al., 2000) . However, these characterising waveband ranges cannot be used singularly when reaching discrimination abilities of these three nutrient conditions. An additional source of information is needed and in this research the spatial information was included with significant success.
The four nutrient conditions in focus; no stress (C), N, P, and K deficiencies were established under controlled environment in order to establish unbiased spectra. These artificially established nutrient deficiencies do not appear in natural environments. However, it is necessary to start with unbiased spectra in order to understand and analyse the spectral patterns without bias from other external factors.
N-PLS with dummy response variables
The conventional bidirectional analysis was extended to include multivariate data analysis in four dimensions (folded). Single step four dimensional PLS2 with dummy response variables separated the samples more efficiently than conventional bidirectional PLS2. A further improvement was obtained by use of sequential N-PLS1 with dummy response variables. Sequential N-PLS analysis was able to correctly classify the four nutrient conditions with 92% accuracy regardless of the respective growth stages within a time window of two weeks. Thus inclusion of the spatial dimension to the spectral dimension showed up to be a promising nutrient diagnostic tool by use of four dimensional N-PLS with dummy response variables.
